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HISTOPATHOLOGY CLASSIFICATION
THROUGH MACHINE SELF-LEARNING OF
“TISSUE FINGERPRINTS”

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application 1s the U.S. national phase of PCT Appln.
No. PCT/2020/021667 filed Mar. 9, 2020, which claims the
benefit of U.S. provisional application Ser. No. 62/813,736
filed Mar. 8, 2019, the disclosures of which are hereby

incorporated 1n their entirety by reference herein.

TECHNICAL FIELD

In at least one aspect, the present invention 1s related to
machining learning methods for histopathological and clini-
cal outcome based on histopathological feature classification
ol tissue samples.

BACKGROUND

Although deep learning (DL) has the potential to teach us
novel aspects of biology, the most impressive use cases to
date recapitulate patterns that experts already recognize.'™®
While these approaches may improve inter-observer vari-
ability and accelerate clinical worktlows, our goal 1s to use
DL to learn how morphology from hematoxylin and cosin
(H&E) images can be used to predict biomarkers,” progno-
sis® and theragnosis—tasks which are not currently possible
for a pathologist to do by eye, but 1f possible, could improve
our understanding of cancer biology. However, since DL
learns from data, it needs large training sets to learn patterns.
One of the biggest challenges 1s obtaining large, well-
annotated training sets.

While typical computer vision datasets contain on the
order of millions of annotated 1images to learn statistically
significant relationships,’ clinical pathology case sets gen-
crally number in the hundreds. Moreover, noise in the
clinical annotations dilutes the learning signal and increases
the probability the network will learn spurious features like
stain color, clinical site, or other technical variations.” "

Accordingly, there 1s a need for improved methods for

implementing machine-learned histopathologic classifica-
tion.

SUMMARY

In at least one aspect, a machining learming technique in
which pre-training allows neural networks to learn histol-
ogy-optimized features 1s provided. The method includes a
step of tramning an untrained machine learning device
executing a neural network to form a trained machine
learning device. The training 1s accomplished by receiving a
digital 1image of a histologic sample as input to a tissue
fingerprinting function and outputting a vector ol numbers
called a tissue fingerprint that describes histologic patterns
within the digital image and training the untrained machine
learning device with digital images from a plurality of
characterized or uncharacterized stained tissues samples.
Characteristically, the untrained machine learming device
learning the tissue fingerprinting function through an opti-
mization procedure that minimizes an objective loss func-
tion that includes a first component promoting learning of
the tissue fingerprinting function that can be used to match
digital image patches from the same sample but distinguish
digital image patches from multiple samples and an optional
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second component of the objective loss function promoting,
learning of the tissue fingerprinting function that 1s invariant

to sources of pathology artifacts that are encountered during,
tissue processing. The method also includes a step of pre-
dicting a status of a stained tissue sample of unknown status
by obtaiming a sample digital image for a stained tissue
sample of unknown status, applying the trained machine
learning device to the sample digital 1image to determine a
predicted tissue fingerprint for the stained tissue sample of
unknown status, and finding a best match of the predicted
tissue fingerprint to a set of tissue fingerprints for samples of
known status.

In still another aspect, clinical estrogen receptor (ER),
progesterone receptor (PR), and Her2 status 1n breast cancer
were evaluated with the methods set forth herein. These
biomarkers are important predictive and prognostic molecu-
lar markers currently assessed by molecular Immunohisto-
chemistry (IHC) staining.'*

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1A. Networks are first trained to learn tissue finger-
prints, which are patterns of cells and tissue visible on H&E
images that can be used to distinguish between patients.
Following this training internship, which can be scaled to
very large numbers of patients without clinical outcome
annotations, the fingerprints are repurposed to make clini-
cally relevant predictions from small labeled datasets.

FIG. 1B. Schematic of a histopathology classification
method using tissue fingerprints.

FIG. 1C. Schematic of a convolutional neural network
used 1n the method depicted 1n FIGS. 1A and 1B.

FIG. 2. Schematic of a computing device for implement-
ing the machine learming method set forth herein.

FIG. 3. Table 1 providing Fingerprinting Datasets.

FIG. 4. CycleGAN normalizes the staining colors and
styles of tissue 1images while preserving morphology. Top:
the style of slide 1 1s translated into the style of slide 2.
Bottom: the style of slide 2 1s translated into the style of slide
1.

FIGS. SA, 5B, and 5C. A: Representative tSNE visual-
1zation of fingerprints from the test set. In this visualization,
left halves from slide 5 and right halves of slide 4. B:
Visualization of a representative pair. Left half presented on
top, right half on the bottom, the middle shows a heat map
of fingerprint distance (distance from fingerprints from the
bottom 1mage to the average fingerprint of the top 1mage). C:
Leftt, exploded displays of the original patches 1n the embed-
ding show similar histologic features (nucleoli, micro-pa-
pillae, fat, mucin).

FIGS. 6A, 6B, and 6C. A: heat maps of areas that lead to
accurate patient classification. Higher probability regions
(red) are more predictive of patient identity, and hence
distinctive, than blue regions. B: an exploded view of two
cores from (A). C: Legend

FIG. 7A. Illustration of whole slide clinical ER classifi-
cation. An analogous procedure was used for PR and Her2
classification. Fingerprints were extracted from 120 random
image patches, and a second ER-classifier, acting on the
fingerprints, made local predictions, which were averaged to
produce a continuous whole-slide-level ER-score.

FIGS. 7B-1, 7B-2, and 7B-3. B: Receiver operating
characteristic curves (ROC) for clinical ER (left), PR (cen-
ter), and Her2 prediction (right). The TCGA ROC curve
reflects a test set from five-tfold cross-validation, and the
AUC corresponds to the average area under the ROC curves

of all five TCGA test sets. All samples 1n the ABCTB dataset
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are test samples and were never seen during training. Sample
s1zes vary depending on the availability of clinical annota-

tions

FIGS. 8A, 8B, and 8C. a: Histogram of ER-predictions
from the TCGA test set averaged across the entire slide
(AUC=0.88). B: AUC scores obtained by pooling ER pre-
dictions from different regions within slides. C: Represen-
tative heatmaps of correctly and incorrectly classified whole
slides. WSI prediction was obtained by averaging over all
patches (epithelium, stroma, fat). Each slide visualization
consists of an RGB thumbnail, a tissue type segmentation,
and an ER prediction heatmap.

FIG. 9. Left: tSNE embedding of fingerprints from
patches extracted from TCGA whole slides, shaded by ER
prediction score. 12 clusters with high positive or negative
enrichment were selected for manual inspection. Right:
H&E patches closest to the cluster centers. Each patch 1s
from a different patient.

DETAILED DESCRIPTION

Reference will now be made 1n detail to presently pre-
terred compositions, embodiments and methods of the pres-
ent 1nvention, which constitute the best modes of practicing
the invention presently known to the inventors. The Figures
are not necessarily to scale. However, 1t 1s to be understood
that the disclosed embodiments are merely exemplary of the
invention that may be embodied 1n various and alternative
torms. Therefore, specific details disclosed herein are not to
be interpreted as limiting, but merely as a representative
basis for any aspect of the imnvention and/or as a represen-
tative basis for teaching one skilled 1n the art to variously
employ the present invention.

It 1s also to be understood that this invention 1s not limited
to the specific embodiments and methods described below,
as specific components and/or conditions may, of course,
vary. Furthermore, the terminology used herein 1s used only
for the purpose of describing particular embodiments of the
present mvention and 1s not intended to be limiting 1n any
way.

It must also be noted that, as used 1n the specification and
the appended claims, the singular form *“a,” “an,” and “the”
comprise plural referents unless the context clearly indicates
otherwise. For example, reference to a component in the
singular 1s mtended to comprise a plurality of components.

As used herein, the term “about” means that the amount
or value 1n question may be the specific value designated or
some other value 1n its neighborhood. Generally, the term
“about” denoting a certain value 1s intended to denote a
range within +/-5% of the value. As one example, the phrase
“about 100” denotes a range of 100+/-3, 1.¢. the range from
95 to 105. Generally, when the term *“about™ 1s used, it can
be expected that similar results or eflects according to the
invention can be obtained within a range of +/-5% of the
indicated value.

The term “and/or” means that either all or only one of the
clements of said group may be present.

It 15 also to be understood that this invention 1s not limited
to the specific embodiments and methods described below,
as specific components and/or conditions may, of course,
vary. Furthermore, the terminology used herein 1s used only
for the purpose of describing particular embodiments of the
present mvention and 1s not intended to be limiting 1n any
way.

It must also be noted that, as used 1n the specification and
the appended claims, the singular form *“a,” “an,” and “the”
comprise plural referents unless the context clearly indicates
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otherwise. For example, reference to a component in the
singular 1s itended to comprise a plurality of components.

The term “comprising” 1s synonymous with “including,”
“having,” “containing,” or “characterized by.” These terms
are nclusive and open-ended and do not exclude additional,
unrecited elements or method steps.

The phrase “consisting of”” excludes any element, step, or
ingredient not specified in the claim. When this phrase
appears 1n a clause of the body of a claim, rather than
immediately following the preamble, 1t limits only the
element set forth in that clause; other elements are not
excluded from the claim as a whole.

The phrase “consisting essentially of”” limits the scope of
a claim to the specified materials or steps, plus those that do
not materially affect the basic and novel characteristic(s) of
the claimed subject matter.

The phrase “composed of” means “including” or “con-
sisting of.” Typically, this phrase 1s used to denote that an
object 1s formed from a matenal.

With respect to the terms “comprising,” “consisting of,”
and “consisting essentially of,” where one of these three
terms 1s used herein, the presently disclosed and claimed
subject matter can include the use of either of the other two
terms.

The term “one or more” means “at least one” and the term
“at least one” means “one or more.” The terms “one or
more” and “at least one” include “plurality” as a subset.

The term ““substantially,” “generally,” or “about™ may be
used herein to describe disclosed or claimed embodiments.
The term “substantially” may modily a value or relative
characteristic disclosed or claimed 1n the present disclosure.
In such 1nstances, “substantially” may signmify that the value
or relative characteristic 1t modifies 1s within 0%, 0.1%,
0.5%, 1%, 2%, 3%, 4%, 5% or 10% of the value or relative
characteristic.

It should also be appreciated that integer ranges explicitly
include all intervening integers. For example, the integer
range 1-10 explicitly includes 1, 2, 3,4, 5,6, 7,8, 9, and 10.
Similarly, the range 1 to 100 includes 1, 2, 3, 4 ... 97, 98,
99, 100. Stmilarly, when any range 1s called for, intervening

numbers that are increments of the difference between the
upper limit and the lower limit divided by 10 can be taken
as alternative upper or lower limits. For example, 11 the
range 1s 1.1, to 2.1 the following numbers 1.2, 1.3, 1.4, 1.5,
1.6,1.7, 1.8, 1.9, and 2.0 can be selected as lower or upper
limits. In the specific examples set forth herein, concentra-
tions, temperature, and reaction conditions (e.g. pressure,
pH, etc.) can be practiced with plus or minus 30 percent of
the values indicated rounded to three significant figures. In
a refilnement, concentrations, temperature, and reaction con-
ditions (e.g., pressure, pH, etc.) can be practiced with plus or
minus 30 percent of the values indicated rounded to three
significant figures of the value provided 1n the examples. In
another refinement, concentrations, temperature, and reac-
tion conditions (e.g., pH, etc.) can be practiced with plus or
minus 10 percent of the values indicated rounded to three
significant figures of the value provided 1n the examples.

The term “computing device” refers generally to any
device that can perform at least one function, including
communicating with another computing device. Sometimes
the computing device 1s referred to as a computer.

When a computing device 1s described as performing an
action or method step, 1t 1s understood that the computing
devices are operable to perform the action or method step
typically by executing one or more lines of source code. The
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actions or method steps can be encoded onto non-transitory
memory (e.g., hard drives, optical drive, flash drives, and the
like).

The term “neural network” refers to a machine learning,
model that can be trained with training input to approximate
unknown functions. In a refinement, neural networks include
a model of interconnected digital neurons that communicate
and learn to approximate complex functions and generate
outputs based on a plurality of inputs provided to the model.

The term “subject” or “patient” refers to a human or other
amimals, including birds and fish as well as all mammals
such as primates (particularly higher primates), horses,
birds, fish sheep, dogs, rodents, guinea pigs, pig, cat, rabbits,
and cows.

The term “biomarker” refers to any biological property,
biochemical feature, or aspect that can be used to determine
the presence or absence and/or the severity of a disease or
disorder such as cancer.

Throughout this application, where publications are ref-
erenced, the disclosures of these publications in their entire-
ties are hereby incorporated by reference into this applica-
tion to more fully describe the state of the art to which this
invention pertains.

Abbreviations:

“ABCTB” means the Australian Breast Cancer Tissue
Bank.

“AUC” means the area under the curve.

“ER” means estrogen receptor.

“H&E” means Hematoxylin and eosin.

“HER2” means human epidermal growth factor receptor-

“NN means neural network.

“PR” means progesterone receptor.

“USC” means the University of Southern California.

“TCGA” means The Cancer Genome Atlas.

“I'MA” means tissue microarray.

“IHC” means immunohistochemaistry.

In general, the present mvention provides a machinming
learning method 1n which pre-training on histology images
allows neural networks to learn histology-optimized features
that would improve performance on subsequent clinical
classification tasks. In achieving this goal, the concept of
“tissue fingerprints” 1s mntroduced. Tissue fingerprints are
based on the hypothesis that molecular differences of the
tumor are often translated into subtle diflerences 1n morpho-
logic phenotypes. This 1dea 1s akin to the paradigm of
precision medicine, where instead of grouping patients,
individual patients are treated based on their specific
molecular and environmental parameters. Hence, instead of
training a network to distinguish between groups of samples,
we lirst pre-configure the network to recognize, or “finger-
print,” individual tumors, a task which can leverage large,
unannotated datasets, which are widely available. After
pretraining a network to fingerprint tissues, we expect that a
smaller amount of annotated data will be necessary to adapt
it to a clinical task.

As set forth below 1n more detail, tissue fingerprints are
implemented by training a neutral network to fingerprint
pathologic tumor samples from a training set and then tested
it on a simple matching task using tumor 1images ifrom new
patients. Briefly, multiple images were divided into halves,
and a network attempted to learn a vector of features (a
“fingerprint™) that could correctly pair the halves (FIG. 1).
An mmportant aspect of this work was using the matching
task to learn stain- and site-invariant features of the archi-
tecture. We controlled for these sources of noise by testing,
whether the fingerprints could match tissues from the same

10

15

20

25

30

35

40

45

50

55

60

65

6

patients that had been stained and scanned at diflerent sites.
Optimizing on the task of matching, we performed experi-
ments testing the impact of training set size and methods of
image normalization. The {features (fingerprints) were
extracted from the pre-wired fingerprint network after train-
ing internship was accomplished and used to classily
between groups of tumors with biologically relevant
molecular pathway annotations.' "

With reference to FIGS. 1A, 1B, and 1C, a histopathology
classification method through machine self-learning of “tis-
sue fingerprints” 1s 1llustrated. Characteristically, the his-
topathology classification method 1s implemented 1n a digi-
tal medium environment. FIG. 1A shows that 1n general, the
method includes a first step of training a neural network to
learn the tissue fingerprints and a second step of applying the
fingerprint to a clinical task. FIG. 1B provides a more
detailed schematic of the method. With reference to FIGS.
1A and 1B, histopathology classification method 10 includes
a step of training an untrained machine learning device 12
executing a neural network (i.e., computer 1structions for a
neural network) to form a trained machine learning device
14. The traiming step 1s accomplished by receiving a digital
image 16' of a histologic sample as iput to a tissue
fingerprinting function 18 and outputting a vector ol num-
bers called a tissue fingerprint (TFP) 20 that describes
histologic patterns within the digital image. The untrained
machine learning device 12 i1s trained with digital images
16” from a plurality of characterized or uncharacterized
stained tissue samples 207 where n 1s an integer equal to the
number of digital images and p 1s the number of tissue
samples. The number n of digital images and the number p
of characterized or uncharacterized stained tissues samples
20 can independently be from 10 to several hundred or
more. The untrained machine learning device 12 learns the
tissue fingerprinting function 16 through an optimization
procedure 22 that minimizes an objective loss function 24.
Details of the object loss functions are set forth below 1n the
experimental section. The objective loss function 24
includes a first component 26 promoting the learning of the
tissue fingerprinting function that can be used to match
digital 1mage patches 30 from the same sample but distin-
guish digital image patches 32 from multiple samples. The
objective loss function 18 also includes an optional second
component 36 that promotes learning of the tissue finger-
printing function 18 that 1s invariant to sources of pathology
artifacts that are encountered during tissue processing.
Examples of such artifacts include, but are not limited to,
pathology artifacts that include variation i tissue stain
concentrations, 1n tissue processing procedures, diflerences
in slhide scanning equipment, and combinations thereof. In a
refinement, multiple tissue fingerprints across different tis-
sue regions are used 1n a pooled fashion to determine tissue
status. It should also be appreciated that samples are derived
from (1.e., obtained from) sub-regions of tissue within whole
slide 1mages from either a tissue blocks or core biopsy
specimens. In a refinement, the objection loss function
further includes a third optional component 38 to apply an
image normalization step before training.

The method also 1includes a step 2 of predicting the status
of a stained tissue sample 40 of unknown status. This step 1s
accomplished by obtaining a sample digital image 42 for a
stained tissue sample of unknown status 40. The trained
machine learning device 14 1s applied to the sample digital
image to determine a predicted tissue fingerprint 44 for the
stained tissue sample 40 of unknown status. Finally, a best
match 46 of the predicted tissue fingerprint to a set 48 of
tissue fingerprints for samples of known status 1s found.
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In another refinement, a relationship between a collection
of characterized samples and their fingerprints 1s learned and
then applied to predict a status for the stained tissue sample
ol unknown status.

In a vanation, learning of a tissue fingerprinting function
18 that 1s mnvariant 1s promoted by obtaining paired images
50 and penalizing the optimization procedure for learning a
fingerprint function that assigns diflerent fingerprints to the
paired 1mages. Typically, the paired images 50 can be
obtained either by sectioning a tissue sample that 1s pro-
cessed at diflerent laboratories, or by altering pixels of an
original 1mage to give an appearance of having been pro-
cessed at a different laboratory.

In another variation, a relationship 1s learned between the
tissue fingerprint and a diagnostic, prognostic, or theragnos-
tic data annotation of the sample. From these features, a
therapeutic treatment strategy can be determined for a
subject from a subject’s predicted status for the status of a
diagnostic feature with which the subject 1s subsequently
treated. In a refinement, the subject 1s treated with a cancer
therapeutic agent.

In another variation, the diagnostic, prognostic, or ther-
agnostic feature, 1s the presence or absence of a biomarker.
Typically, 1n this vanation, the stained tissue sample of
unknown status 1s a cancer sample. Such a cancer sample
may be a cancer of unknown origin, such as cancer from a
metastatic site. In a refinement, the tissue fingerprinting
function 1s used to infer the site from which the cancer
originated (tissue of ornigin of the cancer). Examples of
useful biomarkers include, but are not limited to, estrogen
receptor (ER), human epidermal growth factor receptor-2
(HER2), progesterone receptor (PR), proliferation marker
Ki-67, and cytokeratin markers. When the biomarker 1s ER,
a predicted status can be used to determine specific treat-
ments. In a refinement, the biomarker 1s ER, PR, and HER?2
with a predicted status indicating prognosis.

As set forth above, the untrained machine learning device
12 (and theretfore, untrained machine learning device 1) 1s a
computing device (e.g., a computer) executing instructions
for the neural network. Typically, the neural network 1s a
convolutional neural network. In this regard, the convolu-
tional neural network includes a plurality of convolutional
layers and a plurality of pooling layers. FIG. 1C provides an
idealized schematic illustration of a convolutional neural
network executed by untrained machine learning device 12.
Typically, the neural network 1s a convolutional neural
network. In this regard, the convolutional neural. It should
be appreciated that any deep convolutional neural network
that operates on the pre-processed input can be utilized. The
convolutional network can include convolutional layers,
pooling layers, fully connected layers, normalization layers,
a global mean layer, and a batch-normalization layer. Con-
volutional neural network layers can be characterized by
sparse connectivity where each node 1n a convolutional layer
receives mput from only a subset of the nodes in the next
lowest neural network layer. The Convolutional neural net-
work layers can have nodes that may or may not share
weights with other nodes. In contrast, nodes in fully-con-
nected layers receive mput from each node 1n the next lowest
neural network layer. For both convolutional layer and fully
connected layers, each node calculated 1ts output activation
from 1ts mputs, weight, and an optional bias. During train-
ing, optimal values for the weight and bias are determined.
For example, convolutional neural network 60 receives a
plurality of digital images 16" which are processed as set
forth above. Convolutional neural network 60 includes
convolution layers 62, 64, 66, 68, 70, and 72 as well as
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pooling layers 74, 76, 78, 80 and 82, optional processing
layer(s) 84, and multiple outputs 88” (where n 1s as above).
The pooling layers can be max pooling layer or a mean
pooling layer. Each of the convolution layer can include
multiple internal feature maps which can change from layer
to layer via subsampling and convolution. The present
embodiment 1s not limited to by the number of convolutional
layers, pooling layers, fully connected layers, normalization
layers, and sublayers therein.

As set forth above, the histopathology classification meth-
ods are implemented by a computing device. In general,
computing devices are computer processor-based electronic
devices. With reference to FIG. 2, computing device 100
includes computer processor 102 that executes the instruc-
tions for authoring the chemical mechanism problem or
solving 1it. It should be appreciated that virtually any type of
computer processor may be used, including microproces-
sors, multi-core processors, and the like. The instructions for
the method typically are stored in computer memory 104
and accessed by computer processor 102 via connection
system 106. In a variation, connection system 106 1s and/or
includes a data bus. In a refinement, computer memory 104
includes a computer-readable medium 108 which can be any
non-transitory (e.g., tangible) medium that participates in
providing data that may be read by a computer. Specific
examples for computer memory 104 include, but are not
limited to, random access memory (RAM), read-only
memory (ROM), hard drives, optical drives, removable
media (e.g., compact disks (CDs), DVD, ftlash drives,
memory cards, etc.), and the like, and combinations thereof.
In another refinement, computer processor 102 receives
instructions from computer memory 104 and executes these
instructions, thereby performing one or more processes,
including one or more of the processes described herein.
Computer-executable mstructions may be compiled or inter-
preted from computer programs created using a variety of
programming languages and/or technologies including,
without limitation, and either alone or 1n combination, Java,
C, C++, C#, Fortran, Pascal, Visual Basic, Java Script, Perl,
PL/SQL, etc. Display 110 1s also in communication with
computer processor 102 via connection system 176. Com-
puter device 170 also includes various m/out ports 112
through which data from a pointing device 114 may be
accessed by computer processor 102. Examples for the
computing device include, but are not limited to, desktop
computers, laptops, or servers. Examples of pointing devices
include a mouse, touch screen, stylus, trackball, joystick or
touchpad. In a particularly useful variation, the pointing
device 1s incorporated into display 108 as a touch screen by
which user 116 interacts with a finger. In a vanation, a
non-transitory storage medium or media (hard drives, opti-
cal drnives, removable media (e.g., compact disks (CDs),
DVD, flash drives, memory cards, etc.) has encoded thereon
instructions for the steps executed by computer processor
102 1n performing the steps of the methods set forth herein.

The following examples illustrate the various embodi-
ments of the present invention. Those skilled 1n the art wall
recognize many variations that are within the spirit of the
present mmvention and scope of the claims. It should be
appreciated that the techniques set forth below can analo-
gously be applied to the other biomarkers set forth above.
Methods
Tissue Fingerprinting
Dataset

The tissue fingerprint network was trained on images of
tissue microarray (ITMA) cores. The tissue microarrays
(ITMAs) used 1n this study were obtained from supplier US




US 12,354,012 B2

9

Biomax, Inc. Array BR20823, containing 207 tissue cores
from 104 patients, was used to train the fingerprint network.
Array BR20819, containing 208 cores from a separate group
of 104 patients, was used to test the trained model. One or
two sections were obtained from each array (for BR20823
and BR20819, respectively), which were H&E stained using
standard laboratory protocols, before scanning was per-
formed at 40x resolution (0.249 microns per pixel) on a Carl
Zeiss slide scanner. US Biomax, Inc. kindly provided
images of serial sections of these microarrays that had been
stained and scanned by their protocols on an Aperio slide
scanner at lower resolution (0.49 microns per pixel). Addi-
tional breast cancer tissue 1images were used to increase the
s1ze ol the training set for experiments 2 and 4. These images

are of breast cancer tissue from a variety of sources having
distinct patients from BR20819 and BR20823. (see, Table 1

in FIG. 3)
Neural Network Training (Experiments 1 and 2)

Neural networks were trained and run on NVIDIA P100
GPUs (Oracle Cloud Infrastructure BM.GPU2.2 instances).
The fingerprint network was tramned on image patches
randomly extracted from the BR20823 1mages. Each circu-
lar tissue core was i1solated, scaled to 0.5 micron/pixel
resolution (bilinear resampling), and cropped to a 1600x
1600 pixel square. These squares were assigned a numeric
index from 1 to 207, retlecting their position on the array.
Each square was then divided into left and right halves.
During training, a small image patch (224x224 px) was
sampled from the left half, augmented through rotation,
color spectrum augmentation®, color normalization.® It was
then passed to a neural network trained to minimize cross
entropy loss (1.e., an example of an objective loss function)
between patient identity and a predicted index. During
training, progress was monitored by measuring how well the
network could predict the core index from patches from the
right halves of the tissue 1mages, which it hadn’t seen. When
this accuracy plateaued, training was stopped and the quality
of the features on the tissue matching game was tested.
Experiments 3 and 4 used the more complex objective loss
function described below.

In the four experiments described, the standard imple-
mentation of the Resnet34 architecture'> provided by the
PyTorch library'® was used. The network was randomly
initialized and traimmed from scratch. Additionally, larger
networks, imncluding Resnet50 and Resnet100, were traimned
using the conditions of experiment 4, but found the same
performance as Resnet34 (results not shown). The benefit of
larger networks may depend on the size of the training
dataset. Here the concept of fingerprinting with a relatively
small dataset 1s demonstrated, but training on larger datasets
may demonstrate added benefits of deeper networks.
Promoting Style Invariance by GAN-Based Style Transfer
(Experiments 3 and 4):

Neural style transfer was performed oflline using Cycle-
GAN'’, a method of neural style transfer, that aims to alter
the style of 1images while preserving fine details. Briefly, the
CycleGAN approach consists of training two neural nets, a
generator which takes an 1image A transforms 1t mto an
image of style B, and a discriminator which 1s trained to
distinguish between generated images and real ones. The
networks are trained simultaneously as adversaries. As the
discriminator improves, the generator 1s challenged to learn
better transformations from style A to B. Conversely, as the
generator improves, the discriminator 1s challenged to learn
better features that distinguish real and generated images. In
this project, the open-source CycleGAN code was used
without modification. The network was trained to transier
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styles between images of BR20823 that were stained by the
array manufacturer (US Biomax) or at our site (style transfer
between slides 1 and 2, respectively, as shown 1n FIG. 4).
Thus, the oniginal set of 13,415 cores was augmented to
three-fold 1ts original size via neural style transfer (each core
has an original 1mage, a virtual USC stain and a virtual
Biomax stain). Following style transfer, the objective loss
function to promote style invariance was adapted. The new
objective loss function has two components, a cross entropy
loss (abbreviated ‘CE’) to predict the 1dentity of each patch,
which was the loss term used 1n experiments 1 and 2, plus
an additional loss term to mimmize the distance of finger-
prints from different styles. The additional loss term 1s the
squared error (abbreviated ‘SE’) between the L2-normalized
fingerprints, where a fingerprint 1s the 512-dimensional
(512D) feature vector from the last layer of the Resnet.

Loss 1s defined for a pair of images from tissue core,
(1=1=207): Image,, and Image,,. Image,, 1s a re-styled
version of Image,, that contains the same morphological
information. The loss 1s a sum of two cross entropy losses
and a fingerprint distance loss. The symbol, v, 1s a constant.
In our experiments, we used y=0.3.

Cross entropy 1s defined using the classification vector
produced from the network for each image. This vector

contains 207 elements. Images, from core; produces a clas-
sification vector c, ..

_ oCix Y]

Fingerprint distance loss 1s defined using the fingerprints
produced by the neural network for each of the images. If the
fingerprints for Image,,, and Image,, are called FP,, and
FP ,, fingerprint distance loss 1s the following. || || and SE
refer to the L2 norm and the Euclidean distance, respec-
tively.

FP;
_I_
HFP]] +¢€

FP )

d2o(Image., , Image. :SE(
FP( mage; mﬂggﬂ) [lFP.tZl] 1 e

Creating Beat Maps of Recognized Regions

Heat maps of tissue cores showing the parts of an image
most predictive of tumor identity (FIG. 6) were generated.
The region colors were determined as follows: each core
image was divided ito overlapping square patches (size
224x224 pixels, with 80% linear overlap). Each patch was
passed to the neural network, and a probability vector was
calculated predicting the i1dentity of each core via Softmax.
Since there are multiple cores per patient, the 207 probabili-
ties were aggregated into 104 probabilities (one per patient)
by summing the probabilities of cores that came from the
same patient. Each heat map shows the probability of
predicting the correct patient and 1s shaded from 0 (blue-
light) to 1 (red-dark).
Stain Normalization 1s Necessary for Fingerprinting

Four experiments were performed, varying training set
s1ze and 1mage normalization, to determine how to best train
a fingerprint network (Table 2). It i1s hypothesized that
training on large numbers of cores would improve accuracy,
and that image color normalization would greatly improve
training on small data but have a smaller effect on larger
datasets. In experiment 1, the 207 tissue cores were collected
from slides 1 and 2 (sernal sections of the training TMA that
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were stained by the supplier and USC, respectively), divided
them 1n half, and trained the network to recognize patients
based on patterns 1n one of the halves. (It was arbitrarily
chosen to train on the leit halves). Each core was assigned

12
TABLE 3-continued

Clinical characteristics
of breast cancer patients

a nuglber from 1 to 207, and the network was trai'ned to 5 Breast Cancer Cohort TCGA ABCTR
identify the number from a patch sampled from the 1mage-
half. In experiment 2, the dataset was scaled over 20-fold: | Age (3"331'536
. - ¢ » 5 5 IT1111
adding 13,090 addltlona! training images. Agfﬂm, the net- ean 529
work was trained to predict the index. In experiments 3 and max 90
4, the same datasets were used as before, but included a 10 Stage
color normalization procedure based on neural style trans- III gg
fer. -2 In the first two experiments, it was predicted that as - 510
the network was trained to recognize increasing numbers of TV 16
images, 1t would automatically learn stain-invariant features. Histologic Grade
In the second two experiments, the style transfer algorithm 15 Grade 1 364
CycleGAN'” was used to recolor images (FIG. 4), making gm’:'e § égj
‘ . ‘ raqac
them appear as if they were prepared at a diflerent site. .
‘ Tumor Size
CycleGAN can exchange the texture between two spatially T1 734
similar image sets, while preserving overall structural infor- T2 546
mation. Compelling examples include transforming photo- 20 T3 123
graphs into impressionist paintings and horses into zebras. 14 g 34
Here, we use CycleGAN to transfer the H&E staining NG e mzu;
coloration from a reference site to 1mages from other sites. NI 115
Then we trained the networks to look at both 1mages and N? 100
predict the same features, cancelling out the effect of stain 25 N3 65
variation.
TABLE 2
Fingerprinting Results
Dataset Size
N. Training Test
Cores Neural Style # Test CV  Test Core Patient

# Description (N. Patients) Transfer Network Cores Acc. Acc. Ace.
1 Small Dataset/ 414 (104 — Resnet 34 208  77% 22% —

No Style Transfer
2 Large Dataset/ 13415 (3302) — Resnet 34 208 77% 26% —

No Style Transfer
3 Small Dataset/ 414 (104) + Resnet 34 208  93% 43%. —

Style Transfer
4 Large Dataset/ 13415 (3302) + Resnet 34 208 93% 63% 93%

Style Transfer
ER, PR, Her2 Classification from Whole Slides TARI E 3-continued

45

Datasets Clinical characteristics

The whole slide 1images used in this study were obtained of breast cancer patients
from The Cancer Genome Atlas'® (TCGA) and the Austra-
_ _ 13 ( ) _ Breast Cancer Cohort TCGA ABCTB
lian Breast Cancer Tissue Bank =~ (ABCTB). We included
939 cases Breast Carcinoma from TCGA and 2531 Breast 5 node negative 443 1143

. e . e e
Cancer cases from the ABCTB. Chlinical characteristics are 1 node positive Mefastasis S; i?s 1588
summarized 1n Table 3. Of note, molecular status of ER, PR, MO 785
and Her2 was assessed clinically, where annotations were M1 18
made on the patient level.
55 Training a Patch-Based ER,PR.Her2 Classifiers Directly

TABLE 3

Clinical characteristics
of breast cancer patients

Breast Cancer Cohort TCGA ABCTB

Number of Patients 939 2531
ER-positive 723 2007
ER-negative 216 524
PR-positive 623 1798
PR-negative 311 716

Her2-positive 151 371
Her2-negative 508 2116

60

65

Front Images (Control)

Similar to other deep learning approaches, a patch-based
classifier was trained to predict molecular marker status. All
experiments were conducted using five-fold cross valida-
tion. First, each whole slide 1image was grossly segmented
into foreground vs. background. The foreground areas were
divided 1nto non-overlapping squares of (112x112 microns),
which were scaled to a final patch size of 224x224 pixels.
120 patches per patient were randomly selected and used for
downstream analysis. To train the classifier, the entire set of
TCGA patients was split into five groups. For each cross
validation fold, three groups were used to train, one group
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(the “overfitting group™) was used to monitor overfitting and
perform early stopping, and the remaining group was used
to test the network’s final performance. To the train the
network, patches were assigned a binary label per the
patient-level annotation, but early stopping was imple-
mented by averaging the predictions of all patches belonging
to overfitting group and measuring the patient-level AUC
(area under the ROC curve) score. These experiments used
a standard implementation of Resnet34.

Traimning ER, PR, Her2 Classifiers Directly from Finger-
prints

Using the same 1mage patches and cross validation splits

from the control experiment (described above) and the
previously trained fingerprint network, 512D fingerprints
were extracted for each image patch and then trained a
second “biomarker” neural network to predict marker status
based on these fingerprints. The second network has the
tollowing structure: input, 5128 linear layer, rectified linear
unit nonlinearity, 8x1 linear layer, hyperbolic tangent non-
linearity. The parameters of this network were trained 1n
batches consistent with multiple instance learning (see
Training the fingerprint-based classifier to predict molecular
markers). Similar to the control experiment, multiple patch
predictions were pooled to make patient-level predictions,
and the reported ROC curves compare patient-level score
and clinical marker status. As a control for the features, the
same workilow using image features extracted from a Res-
net34 network pretraimned on the ImageNet dataset was
implemented. The parameters for this model were obtained
from the Torchvision Python library.

Training the Fingerprint-Based Classifier to Predict Molecu-
lar Markers

The classifier for each molecular marker was trained in

the following manner. From the training set, 120 patches
were extracted per patient (as set forth above), and finger-
prints were extracted using the pre-trained fingerprint net-
work. Then, a matrix containing these fingerprints was
created and loaded into memory. The dimensions of the
matrix were (Nx120x512), where N corresponds to the
number of patients in the training set. The tensor was
reshaped into a data matrix “Xtrain,” with the following
dimensions (N*120x512) Additionally a “ground truth’ vec-
tor {length=N) containing the ground truth data for the
training patients was prepared. Each value in the vector
signifies positive or negative biomarker status by the value
of +1 or -1 Xtrain was passed to a neural network with the
tollowing structure:

Linear (512, 8)

RelLU

Linear (8, 1)

Tan h

The output of the network after receiving Xtrain 1s of size
(N*120, 1) and 1s labeled “Pred_unscaled” The matrix,
“Pred_unscaled’ 1s reshaped to size: Nx120 Each row 1n the
matrix 1s normalized as follows:

The absolute value 1s taken of Pred_unscaled and summed
over the horizontal dimension, producing a “weight’
vector of length N

Each row in Pred_unscaled 1s divided by the correspond-
ing weight vector, producing a matrix Pred_scaled of
shape (Nx120)

For each row 1 (0. .. N):
Pred_scaled[1)=Pred_unscaled|1] weight[1]
The output 1s a matrix of shape Nx120
Each row 1n the matrix Prod_scaled 1s summed to produce
a 1D ““prediction” vector for the training dataset of length N.
The loss 1s calculated by the binary cross entropy between
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the prediction vector and the ground truth vector. The
weights of the model are updated using back propagation
and gradient decent. We used the Pytorch implementation of
the Adam optimizer with learning rate of 0.0001 Training
was continued until the loss on the cross-validation set
stopped decreasing as per the methods section. The moti-
vation for applying the normalization step using the average
of the absolute value was to allow the network to pay
attention to certain areas and ignore others. The Tan h
nonlinearity outputs a score from -1 to 1. Areas predicted to
be 0 are not contributory to the weight and hence do not
factor into the final score for the slide. However, areas that
are strongly positive or negative aflect the weighting and
influence the final patient prediction.
External Validation of the Whole-Slide ER, PR, or Her2
Classifier

After the five-fold cross validation experiments on the
TCGA dataset, the classifier was validated on an 1indepen-
dent test set from the ABCTB. These images were processed
like those from TCGA: 120 patches (112x112 microns,
resized to 224x224 pixels) were extracted per patient, and
fingerprints were calculated using the pre-trained fingerprint
network. The TCGA-trained biomarker network was then
used to predict marker status of patients in the ABCTB
dataset. An AUC score was calculated from the ROC curve
comparing the neural network predictions to clinical status
from the ABCTB.
Visualization of Regions Used to Predict Clinical ER Score
Generating Heatmaps of Predicted ER Status

Given the high AUC for the ER classifier, heatmaps
showing the regions predicted to be highly ER-positive or
negative across whole slides were made. Every very non-
overlapping foreground patch (112x112 micron) were
extracted from TCGA WSIs and compressed them into a
512D fingerprints using the pretrained fingerprint network.
Subsequently, the pre-trained ER network was used to make
patch-level predictions across the entire slide. The predic-
tions are shaded 1n grayscale. Black signifies a prediction of
-1 (ER-negative), while white signifies +1 (ER-positive).
Gray values correspond to scores close to O (indeterminate).
All visualizations of ER predictions and features show the
validation and test sets of one cross-validation split. Hence,
none of the data retlect images that were used to update the
values of the weights.
Heatmaps of Tissue Types

TCGA whole slides were segmented nto background,
epithelium, stroma, and fat by traiming a patch-based clas-
sifier on a publicly available dataset of WSIs with tissue type
annotations.’® The segmentations were subsequently
assessed for gross accuracy at 2x resolution, and a small
portion ol heatmaps (<5%) were manually corrected.
Visualizing the tSNE Embedding of WSI Fingerprints

An ethicient implementation of the tSNE algorithm was
used to plot a 2D manifold of the fingerprints.'” Each point
represents one fingerprint, which corresponds to a single
patch from a WSI. The color of the point represents the ER
prediction, which 1s shaded from blue (-1, ER negative) to
green (0, neutral) to red (+1, ER positive). Grossly, the
presence of regions containing a predominance of blue or
red points was appreciated. To assess the visual similarity of
patches in these clusters, 12 cluster centers were manually
selected and five patches closest to these centers visualized.
Results

In summary, the basic aim of the present invention was to
develop a biologically meaningiul set of H&E histologic
teatures. It 1s hypothesized that 1n the process of training a
neural network to “match two halves” of tissue cores, i1t
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would learn a compact, but meaningful representation of
tissue architecture. Following training of the fingerprint
network, which was influenced by the discovery of the
importance of stain-normalization, various methods of pre-
dicting molecular marker status from whole slides were
compared. It was found that a fingerprint-based approach
out-performed traditional transier-learning and direct patch-
based classification. Moreover, fingerprint-based classifiers
continued to perform well on an independent, external
dataset. When the fingerprint-based classifier was applied to
a small collection of slides 1n the test-set, 1t was found that
they produced interpretable heatmaps, and predominantly
focus on epithelial patterns to make predictions.

Learning Fingerprints

The networks were tramned to learn fingerprints from
tissue cores 1n TMAs. The TMA format makes 1t easy to
process one set of tissues 1 multiple ways and allowed us
to simulate the batch-eflfects that are commonly encountered
at pathology labs. By staining and scanning one section at
USC and another stained by the TMA supplier (US Biomax),
we obtained paired images with the same architectural
teatures, but diflerent coloration. Our goal was to learn a
fingerprint that summarized the architecture but 1gnored the
staining differences.

We used one TMA to train (BR20823) and another TMA
to test (BR20819, Table 1). Each TMA contains approxi-
mately 208 tissue cores from 104 patients, with no patient
overlap between arrays. We used 3 serial sections of the
training TMA. One section was stained/scanned by the TMA
supplier (slide 1), the other two were stained at USC (slides
2, 3). Two senal sections of the test array were similarly
collected, stained at USC and by the TMA supplier (slides 4
and 5).

To compare the quality of the fingerprints learned 1n the
four experiments, tissue matching on the test TMA sections
was performed. Using the thus-trained NN, we calculated
fingerprints for leit halves of cores from one section (stained
by the array manufacturer, slide 4) and the right halves from
the other (stained at USC, slide 5), and matched each left
fingerprint to the nearest right fingerprint in 512D fingerprint
space. Since there were 208 cores 1n the test set, we report
a core-level accuracy (acc.=number ol cores matched cor-
rectly/208). The null accuracy by chance 1s 0.4% (%408
Cores).

While fingerprints from all four experiments matched
cores better than chance, the accuracy was highest 1n experi-
ment 4, which used a large training set with stain normal-
ization. The fingerprints from this method matched cores
with 63% accuracy (131/208 cores). Surprisingly, stain
normalization seems to be necessary to get the performance
gains of larger training sets. Comparing the results of
experiments 2 and 3 to the baseline, increasing traiming set
size 1n the absence of stain-normalization (experiment 2)
provided only a miniscule improvement 1n matching accu-
racy over the baseline. However, stain-normalization nearly
doubled the accuracy. It’s important to note that 1n all four
experiments we used standard 1image augmentation during
training. Immediately before the image was shown to the
fingerprint network, 1t was randomly adjusted for brightness
and contrast and converted to grayscale. Even with these
procedures, which were intended to make networks nvari-
ant to color differences between images,® doing an addi-
tional style normalization step belfore the augmentation
provided a significant improvement.

When we examined the mistakes from the network in
experiment 4, 1t was noticed that a large portion of them
were due to an aspect of the study design, using a test set
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with 2 cores per patient. Several of the misclassified cores
were 1ncorrect at the core level but correct at the patient
level. This 1s because some tumors are morphologically
homogeneous and have similar patterns across cores. Thus,
we also calculated a pooled accuracy, which uses the fin-
gerprints from both left cores to match both right cores and
found that fingerprints could match patients with 93%
accuracy (see methods for details).

Encouraged by the high patient-level accuracy of the
matching, the features of the final neural network layer was
studied. When the network 1s shown an 1mage, this layer
produces a 512D vector of real numbers, the tissue finger-
print. In the remainder of the work, the network was applied
to extract fingerprints and explore how they can be used to
link histologic patterns to clinical subgroups of breast can-
cer.

Fingerprint Visualizations Reveal Style-Invariant Histologic
Patterns

As both a control and as a starting point for understanding
the features in the fingerprints, we performed two-dimen-
sional fingerprint visualization. The left and rnight halves of
cores were taken from the test slides, which had been stained
at different sites, and calculated fingerprints for patches from
the halves. Next, the fingerprints were embedded 1n a tSNE
plot (FIG. SA). tSNE 1s a technique that compresses high
dimensional vectors into a 2D space while preserving local
structures in the data.”" Its primary utility in this work is to
approximate the relationships within a high dimensional
space and make them accessible for visual analysis. After
using tSNE to compress the fingerprints into 2D coordinates
and plotting each coordinate as a point colored by patient
index, it was observed that the left and right halves from the
same patient are close 1 the embedding space. Since points
that are nearby on a tSNE plot also tend to be nearby 1n the
original space, this visualization provides evidence that
fingerprints of similar tissues are similar in spite of difler-
ences 1n staiming. Moreover, visualizing the same embed-
ding as a map of 1mage patches, instead of colored points,
reveals that different regions of the map contain different
architectures, such as nucleol1, fat, micropapillary growth,
and mucin patterns (FIG. 5C). Thus, in the embedding space,
fingerprints are clustered by histologic patterns even if the
patches they come from exhibit markedly diflerent color-
ations and styles.

Fingerprints can be Used to Visualize Similar Regions
Between Tissues

FIG. 5B focuses on a specific Left/Right pair from the test
set. The average fingerprint of the right half 1s calculated and
a heat map plotted showing the similarity (defined as 1-nor-
malized Euclidean distance) from each patch 1n the left half
to the average fingerprint of the right half (red 1s similar,
blue 1s dissimilar). The overlay (bottom) shows that simi-
larity between the right and left halves 1s highest 1n a discrete
region that appears to contain epithelial cells. This obser-
vation 1s consistent with the abundance of epithelial cells in
the right 1mage, suggesting that fingerprint similarity may
have utility 1n histologic search.

Fingerprints Combine Epithelium and Stromal Features

To directly visualize the image components comprising its
fingerprint, heat maps of tissue cores, highlighting image
regions that most accurately predict patient identity were
generated (FIG. 6A). FIG. 6A shows the original H&E
images alongside heat maps of patient prediction accuracy
using corresponding image regions. Red areas identily the
patient accurately, and blue ones do so poorly. Based on the
presence of both red and blue areas, some core regions are
more predictive of patient 1dentity than others, meaning their
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patterns are specific to that patient’s tumor. FIG. 6B shows
an exploded view of two cores. The red-colored regions
demonstrate the classifier looks at a combination of stromal
and epithelial areas.

Fingerprints Relate to Molecular Status of Breast Cancer

Because each tumor has unique genetic and microenvi-
ronmental interactions, 1t 1s hypothesized that networks
trained to recognize patients would implicitly learn features
that retlect the underlying biological processes. For breast
cancer, ER/PR/Her2 status 1s among the most important
indicators of prognosis. Hormone-receptor (ER/PR) positive
tumors tend to be less aggressive and occur 1n older patients.
Additionally, ER-positive tumors can be treated eflectively
with drugs that target the estrogen axis. Similarly, Her2-
positive tumors can be treated with drugs that target the Her2
axis. For these reasons, the NCCN task force mandate** that
ER, PR and Her2 status be measured for every new case of
breast cancer.

While ER, PR, and Her2 status 1s routinely assessed by
immunohistochemistry (IHC) stamning for the receptors
(Her2 can also be measured by FISH staining), we explored
whether H&E morphology, quantified via fingerprints, could
serve as a surrogate marker of these proteins. Initially, we
queried this hypothesis on a set of breast cancer images
curated TCGA.'* These samples consist of H&E whole slide
images ( WSIs) from 939 patients at 40 sites. First, scaled the
images to 20x resolution, randomly extracted 120 image
patches per image, and fed them through the fingerprint
network to calculate fingerprints (FIG. 7A, step 1). Then, a
second neural network was trained to compress the finger-
prints (512D vectors) into a patch-wise prediction score of
a particular receptor from -1 to +1 (FIG. 7A, step 2). For
simplicity, the figure indicates the process for predicting ER;;
however, the same procedure was used for PR and Her2.
Finally, the predictions was averaged across the image to
estimate the patient’s receptor status (FIG. 7A, steps 3-4).
We trained on the TCGA dataset with five-fold cross vali-
dation. The patients were split into five groups: three were
used to train the second network; one was used to monitor
training progress and decide when to stop training; the
remaining group was tested. The plot in FIG. 7B (left) shows
the ROC curve for a representative test set from the TCGA
data, for ER classification. The average AUC of the test sets
was 0.88 (n=183, per test set). This 1s the highest ER
classification score we have observed, including our previ-
ous work using nuclear morphometric features (0.72
AUC)* and other recent works that predict molecular char-
acteristics of breast cancer from H&E tissue microarray
images.**° To validate these findings, WSIs of 2531 breast
cancers were obtained from the ABCTB'’, and tested
whether the TCGA-trained classifier could predict ER-status
in this group. An AUC of 0.89 on this dataset (n=2531) was
measured. Applying the same pipeline to PR and Her2, 1t
was found that fingerprints could predict PR in the TCGA
dataset with an average test set AUC=0.78_(n=180, per test
set), and AUC=0.81 (ABCTB, n=2514)(FIG. 7B, center and
left). The results for Her2 were AUC=0.71 (TCGA, n=124)
and AUC=0.79 (ABCTB, n=2487). As a methodological
control, 1n addition to these experiments, we trained a
classifier to predict ER status directly from image patches
and measured an AUC=0.82 (TCGA, n=138).

The Fingerprint-Based ER Classifier Learned Epithelial
Patterns

To understand the regions that were used to make bio-
marker predictions, the trained ER was applied to whole
slides. Our first question was whether the ER classifier
worked best on epithelium vs. stroma vs. fat. Brietly, each
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whole slide image was divided into non-overlapping patches
and performed 1mage segmentation to classily each patch as
epithelium, stroma, fat, or background. Additionally, a 312D
tissue fingerprint for each patch was calculated and predic-
tions made ER for each patch. When the patch-predictions
were averaged across the entire slide, they were able to
classily ER with an AUC of 0.88 (histogram shown in FIG.
8A). The patches were also subset by tissue type and
calculated the AUCs after averaging patches of different
types (FIG. 8B). It was found that the classifier was most
accurate when we pooled predictions from epithelium
patches, followed by stroma, followed by fat. Moreover,
pooling across epithelium only, or epithelium and stroma
was essentially equivalent to pooling across all patches.

These findings were visually supported by heatmaps
generated from the slides (FIG. 8C). We present represen-
tative slides that were correctly and incorrectly classified:
H&E thumbnails, tissue type segmentations, and ER-pre-
diction heatmaps shaded from black to white representing a
prediction of =1 to +1. It was observed that while most areas
in the slide have a score of approximately O (gray), regions
that are strong predictors (white or black) tend to lie 1n
epithelial regions (green). Even when the predictions are
inaccurate, the classifier makes mistakes based on misclas-
sitying epithelial regions. For instance, false positive and
false negative slides, shown on the upper-left and lower-
right quadrants of FIG. 8C show strong white and black
signal 1n epithelial regions.

A Low Dimensional Embedding of Fingerprints Reveals
Histologic Patterns that Predict ER Status

To test the hypothesis that tissues predicted to be ER-
positive or negative may have similar visual characteristics,
fingerprints from whole-slides were embedded nto a low
dimensional space using a fast implementation of the tSNE
algorithm. tSNE 1s an unsupervised non-linear technique
which compresses high dimensional vectors mto a low
dimensional space, while preserving local structures in the
data. In our case, we used tSNE to compress a matrix of
fingerprints (512D) mto a 2D embedding space (FIG. 9).
Each point in this embedding represents a fingerprint from
a single patch, and there are 120 patches (points) per WSI on
this plot.

When the points by the ER score predicted by the ER-
classifier were shaded, 1t was noticed that most points fail to
strongly predict ER status (colored green, prediction approx.
0). However, there were several noticeable clusters of points
predicted to be ER-negative (blue) or ER-positive (red). Of
these clusters, we manually selected 12 areas to explore (six
ER-negative, and six ER-positive), and present the five
patches from each cluster. Of note, each patch i1s from a
different patient. Examination of the image patches reveals
shared histologic features within each cluster. For instance,
cluster 1 reveals regions of necrosis and relatively sparse
cells. Patches 1n cluster 2 include patches with large quan-
tities of immune cells, and cluster 7 contains nests of tumor
cells.

Discussion

Deep learning 1s transforming computer vision and cancer
pathology. As training sets scale, there are substantial
increases 1 accuracy on diagnosis, prognosis and therag-
nosis®’. However, the biggest gains are likely to come when
we learn to leverage a greater spectrum of available pathol-
ogy 1mages, including the vast majority of images which are
mostly or completely unlabeled. Here, we 1llustrate a novel
first step, using tissue matching to discern features that are
distinctive for a patient but difler between individuals. While
tissue matching 1s not a skill formally taught 1n pathology
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training, 1t allows a neural network to discover key discrimi-
nating histologic features from a large set of unannotated
images. Interestingly, these discriminatory features, or {in-
gerprints, tend to reside at the interfaces between epithelial
and stromal cells, and may retlect tissue specific genetic and
microenvironmental parameters. While this study used senal
sections of a TMA to design a rigorous implementation of
core-matching, the resulting network trained in experiment
4 demonstrates that a training paradigm that incorporates
style normalization may benefit significantly from histology
images ol any type, not just matched TMA 1mages.

Training a network on the task of tissue 1dentification also
improves the interpretability of DNNs and provides insights
about the elusive “black box™ of deep learming. The ground
truth (tissue 1dentily) 1s indisputable, and visualizations
reveal cohesive, biologically interpretable patterns that
leverage parameters which are likely to retlect unique under-
lying genetic and microenvironmental interactions. Hence,
we anticipate that fingerprints, which i1dentify features that
discriminate between individuals, will be useful when
applied to tasks that seek to discriminate between groups of
biologically different tissues.

The experiments set forth above demonstrate the signifi-
cant predictive power of such fingerprints to predict the
molecular status of a tumor. Taking the fingerprint network,
we extracted fingerprint features from whole slide 1mages
and used them to predict ER, PR, and Her2 status from two
independent breast cancer cohorts. We imtially trained and
validated our algorithms on images from The Cancer
Genome Atlas (TCGA), with cross-validation. Then, per-
formed 1independent validation on samples from the Austra-
lian Breast Cancer Tissue bank (ABCTB, n=23351) achieving
the following areas under the curve: 0.89 (ER), 0.81 (PR),
and 0.79 (Her2). These metrics are higher than all previously
published attempts to predict molecular information from
H&E images. The improved performance 1s secondary to the
implementation of tissue fingerprinting. The performance
we found 1s similar to previous studies assessing the corre-
lation between IHC and microarray assessments of ER and
PR, which found good concordance between frozen and IHC
for ER (93%) and lower for PR (83%).22,28 We believe that
using tissue fingerprints will ultimately enable direct treat-
ment response prediction in breast and other cancers, to an
accuracy above that provided by current molecular
approaches.

While classification accuracy 1s an important metric for an
algorithm’s utility, the significance of fingerprinting extends
beyond this, because 1t enables the interpretation of the
histologic patterns learned by deep neural networks. At
present, iI interpretability 1s the goal, deep learning is not
necessarily the best approach. Using human designed, hand-
crafted, pre-extracted features such as cell shape, cell neigh-
borhood statistics can provide rapidly interpretable insights
about the tissue properties that correlate to a clinical or
molecular outcome.29,30 However, the downside of these
approaches 1s mtroduction of human bias and the challenge
of building workflows to accurately extract these features.

While the flexibility and automaticity of deep learming
makes 1t effective for black box usage in a number of
scenarios, interpretability 1s essential for developing testable
hypotheses that advance basic biomedical research. Thus,
we were encouraged by the interpretability of our finger-
print-based ER classifier. The prediction heatmaps shown in
FIG. 8C demonstrate that the network learned to make
positive, negative, and neutral predictions. Thus, 1t auto-
matically learned to 1gnore some regions (e.g. neutral, gray
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arcas), while paying attention to others. In this case, it
learned to pay attention to areas of tissue epithelium.

A second insight came from plotting the tSNE embedding
of fingerprints and discovering natural clusters of patches
with similar histologic characteristics predicted to be ER-
positive, ER-negative, or neutral (FIG. 9). There 1s a sig-
nificant history of histological classification of breast cancer
patterns. Numerous attempts have been made to develop
histologic typing schemes, but these are subjective, diflicult
to reproduce, and a large number of slides frequently {fall
into the “no specified type” category (lacking distinctive
characteristics of any pre-defined type). The embedding we
present 1 FIG. 9 provides preliminary support for the
development of machine-automated histologic typing, 1n
which tissue patches are clustered by visual/histologic simi-
larity. Of note, our algorithm learned this embedding with-
out knowing the molecular status of the tissues, and the
embedding 1s not sensitive to diflerences 1n staining colors.
Patches 1n these clusters have different shades of pink and
purple H&E but share core histologic features.

The observation that some of the clusters seem to corre-
late with ER status suggests a link between tissue architec-
ture and clinical ER status. This view suggests that only a
subset ol patches/tissue architectures contain useful diag-
nostic mformation for making this prediction. Future work
will determine whether predicted fingerprints can be used to
make biomarker predictions while providing confidence
scores based on the quantities and types of tissues present 1n
the slide. Assigning a confidence score to a prediction may
facilitate triage and workup of the most relevant biological
markers for a particular patient.

An additional area to focus on 1s how these visualizations
can be used to improve a classifier with imtermediate accu-
racy. A potential limitation of this approach 1s that we
demonstrate 1ts application with respect to ER classification,
but not PR or HER2. We made this decision believing that
focusing on the ER classifier, which had the highest accu-
racy, would reduce the chances of mis-interpreting the
visualizations. However, based on our findings, we believe
that using these visualization techniques may provide diag-
nostic 1mformation to troubleshoot diflicult classification
questions.

While exemplary embodiments are described above, 1t 1s
not intended that these embodiments describe all possible
forms of the invention. Rather, the words used in the
specification are words of description rather than limaitation,
and 1t 1s understood that various changes may be made
without departing from the spirit and scope of the invention.
Additionally, the features of various implementing embodi-

ments may be combined to form further embodiments of the
invention.
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What 1s claimed 1s:

1. A method for determining a status of a histologic

sample of an unknown status, comprising:

(a) obtaining a trained machine learning model compris-
ing a selt-learning neural network, the trained machine
learning model obtained by:
training an untrained machine learning device execut-

ing a neural network to form a trained machine
learning device by:
receiving a plurality of digital images of a histologic
sample as mputs to a tissue fingerprinting function
and outputting a vector of numbers called a tissue
fingerprint that describes histologic patterns within
the digital image, wherein the untrained machine
learning device learns the tissue fingerprinting func-
tion by dividing multiple images of characterized or
uncharacterized histologic samples into halves, the
untrained machine learning device learning said tis-
sue fingerprint that correctly pairs said halves of
digital 1mages through an optimization procedure
that minimizes an objective loss function including:
a first component promoting learning of the tissue
fingerprinting function that can be used to match
digital 1mage patches from the same histologic
sample but distinguish said digital image patches
from multiple histologic samples; and
an optional second component of the objective loss
function promoting learning of the tissue finger-
printing function that i1s invariant to sources of
pathology artifacts that are encountered during
tissue processing;

wherein the tissue fingerprinting function maps digital
images of unannotated stained tissue samples to a tissue
fingerprint, wherein the tissue fingerprint comprises a
feature vector indicative of histologic patterns within
the plurality of digital images; and

(b) predicting a status of a test stained tissue sample, at
least 1n part by:

obtaining a sample digital image for a test stained tissue
sample; and

processing the sample digital image using the trained
machine learning model to determine a predicted tissue
fingerprint for the test stained tissue sample; and

matching the predicted tissue fingerprint to a set of tissue
fingerprints generated from digital images of a set of
annotated histologic samples.
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2. The method of claim 1, wherein (b) further comprises
applying learned correlations between a collection of anno-
tated histologic samples and corresponding tissue finger-
prints.

3. The method of claim 1, wherein the tissue fingerprint
comprises a diagnostic feature, a prognostic feature, or a
theragnostic feature.

4. The method of claim 3, wherein the diagnostic feature,
the prognostic feature, or the theragnostic feature comprises
a presence or an absence of a biomarker.

5. The method of claim 4, wherein the biomarker 1is
selected from the group consisting ol estrogen receptor
(ER), human epidermal growth factor receptor 2 (HER2),
progesterone receptor (PR), Ki1-67, and a cytokeratinmarker.

6. The method of claim 1, wherein the self-learning neural
network comprises a convolutional neural network.

7. The method of claam 6, wherein the convolutional
neural network comprises a plurality of convolutional layers
and a plurality of pooling layers.

8. The method of claim 1, wherein (b) further comprises
matching a plurality of tissue fingerprints across a plurality
of diflerent tissue regions of the test stained tissue sample.

9. The method of claim 1, wherein the test stained tissue
sample 1s derived from sub-regions of tissue within whole
slide 1mages from a tissue block or a core biopsyspecimen.

10. The method of claim 1, wherein the training comprises
an optimization procedure that minimizes an objective loss
function, wherein the objective loss function promotes
learning of the tissue fingerprinting function such that digital
image patches from the same sample are matched together
and digital image patches from different samples are distin-
guished from each other.

11. The method of claim 1, wherein the training comprises
an optimization procedure that minimizes an objective loss
function, wherein the objective loss function promotes
learning of the tissue fingerprinting function such that the
tissue fingerprinting function 1s 1nvariant to sources of tissue
processing artifacts.

12. The method of claim 11, wherein the objective loss
function promotes learning of the tissue fingerprinting func-
tion at least 1n part by: obtaining paired images and penal-
1zing the optimization procedure for learning a tissue {in-
gerprinting function that assigns different fingerprints to the
paired 1mages.

13. The method of claim 12, wherein the paired 1mages
are obtained at least 1n part by sectioning a tissue sample that
1s processed at diflerent laboratories, or at least 1n part by
altering pixels of an original digital image of a tissue sample
to simulate an appearance of having been processed at a
different laboratory.

14. A method for training a machine learning model
comprising a seli-learning neural network, comprising:

(a) obtaining a plurality of digital images of a plurality of
unannotated stained tissue samples obtained or derived
from a plurality of subjects; and

(b) tramming the seli-learning neural network with the
plurality of digital images by:
providing the digital images as mputs to a tissue

fingerprinting function and outputting a vector of
numbers called a tissue fingerprint that describes
histologic patterns within each digital 1mage,
wherein the tissue fingerprinting function 1s learned
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by dividing multiple 1mages of characterized or
uncharacterized histologic samples into halves and
wherein the tissue fingerprint that correctly pairs said
halves of digital images 1s learned through an opti-
mization procedure that minimizes an objective loss
function including:

a first component promoting learning of the tissue
fingerprinting function that can be used to match
digital image patches from the same histologic
sample but distinguish said digital image patches
from multiple histologic samples; and,

an optional second component of the objective loss
function promoting learning of the tissue finger-
printing function that i1s invariant to sources of
pathology artifacts that are encountered during
tissue processing,

wherein the tissue fingerprinting function maps digital

images of unannotated stained tissue samples to a tissue
fingerprint, wherein the tissue fingerprint comprises a
feature vector indicative of histologic patterns within
the plurality of digital images.

15. The method of claim 14, wherein the tissue fingerprint
comprises a diagnostic feature, a prognostic feature, or a
theragnostic feature.

16. The method of claim 135, wherein the diagnostic
feature, the prognostic feature, or the theragnostic feature
comprises a presence or an absence of a biomarker.

17. The method of claim 16, wherein the biomarker 1is
selected from the group consisting of estrogen receptor
(ER), human epidermal growth factor receptor 2 (HER2),
progesterone receptor (PR), Ki-67, and a cytokeratin marker.

18. The method of claim 14, wherein the self-learming
neural network comprises a convolutional neural network.

19. The method of claam 18, wherein the convolutional
neural network comprises a plurality of convolutional layers
and a plurality of pooling layers.

20. The method of claim 14, wherein the training com-
prises an optimization procedure that minimizes an objective
loss function, wherein the objective loss function promotes
learning of the tissue fingerprinting function such that digital
image patches from the same sample are matched together
and digital image patches from diflerent samples are distin-
guished from each other.

21. The method of claim 14, wherein the training com-
prises an optimization procedure that minimizes an objective
loss function, wherein the objective loss function promotes
learning of the tissue fingerprinting function such that the
tissue fingerprinting function 1s mvariant to sources of tissue
processing artifacts.

22. The method of claim 21, wherein the objective loss
function promotes learning of the tissue fingerprinting func-
tion at least in part by: obtaining paired images and penal-
1zing the optimization procedure for learning a tissue {in-
gerprinting function that assigns different fingerprints to the
paired 1mages.

23. The method of claim 22, wherein the paired images
are obtained at least 1n part by sectioning a tissue sample that
1s processed at different laboratories, or at least in part by
altering pixels of an original digital image of a tissue sample
to simulate an appearance of having been processed at a
different laboratory.
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